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ORIGIN DESTINATION ESTIMATION
BASED ON VEHICLE TRAJECTORY DATA

TECHNICAL FIELD

The present disclosure relates to computer systems, and
more specifically, to a framework for estimating origins and
destinations based on vehicle trajectory data.

BACKGROUND

Transportation is an important aspect of a city’s opera-
tions. For example, transportation is central to many traffic
planning, analysis or visualization systems. Origin-destina-
tion (OD) analysis is employed to provide an understanding
of traffic patterns. Conventional OD analysis includes the
use of a survey of a sampled sub-population. The use of
surveys is expensive and time consuming. Other types of
OD analysis relies on GPS-equipped floating vehicles, such
as taxis. However, the use of floating vehicles involves only
a small fraction of daily traffic volume in an urban area and
tends to generate biased estimate of OD patterns.

From the foregoing discussion, it is desirable to provide
an efficient and accurate OD analysis to understand traffic
pattern.

SUMMARY

A framework for origin-destination (OD) analysis of
vehicle trajectory data is described herein. In accordance
with one aspect, a vehicle trajectory dataset is provided to an
OD analyzer. The vehicle trajectory dataset includes vehicle
trajectory data collected from a sensor network having a
plurality of sensor stations for detecting vehicles. The sensor
stations of the sensor network are distributed in a geographi-
cal area of interest, where the vehicle trajectory data include
trajectories of vehicles captured by the sensor network. The
vehicle trajectory dataset may be analyzed by the OD
analyzer to determine an origin and a destination of trips for
trajectories of the vehicles in the vehicle trajectory dataset.
The analysis includes calculating a probability distribution
of travel time between sensor pairs of the sensor network of
a number of (dropped-out) intermediate stations, and deter-
mining a stop probability between a station pair in the
trajectories of the vehicles, where a stop is a destination of
a previous trip and an origin of a next trip in the trajectories.

With these and other advantages and features that will
become hereinafter apparent, further information may be
obtained by reference to the following detailed description
and appended claims, and to the figures attached hereto.

BRIEF DESCRIPTION OF THE DRAWINGS

Some embodiments are illustrated in the accompanying
figures, in which like reference numerals designate like
parts, and wherein:

FIG. 1 shows a simplified exemplary OD analysis system;

FIG. 2 shows an exemplary embodiment of a sensor
network;

FIG. 3 shows a block diagram of an OD analyzer;

FIG. 4 shows exemplary pre-processed data;

FIG. 5 shows an exemplary result of OD analysis; and

FIG. 6 illustrates visualizing results of an OD analysis on
a map.

DETAILED DESCRIPTION

In the following description, for purposes of explanation,
specific numbers, materials and configurations are set forth
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in order to provide a thorough understanding of the present
frameworks and methods and in order to meet statutory
written description, enablement, and best-mode require-
ments. However, it will be apparent to one skilled in the art
that the present frameworks and methods may be practiced
without the specific exemplary details. In other instances,
well-known features are omitted or simplified to clarify the
description of the exemplary implementations of the present
framework and methods, and to thereby better explain the
present framework and methods. Furthermore, for ease of
understanding, certain method steps are delineated as sepa-
rate steps; however, these separately delineated steps should
not be construed as necessarily order dependent in their
performance.

A framework for origin-destination (OD) analysis of
vehicles is described herein. In accordance with one aspect,
the present framework employs a sensor network to track
vehicle trajectories. The framework analyzes trajectories
and divides them into individual OD trips. For example, a
vehicle’s trajectory may include multiple trips. For example,
from home to work, work to lunch, lunch to work and work
to home. The framework analyzes a trajectory of a vehicle
within a period and determines multiple ODs from it. The
period may be any period. For example, the period may be
daily, multiple days, weekly, monthly. Other durations of
time may also be useful. For example, the period may be less
than a day. As such, the framework enables efficient and
accurate determination of traffic patterns, facilitating traffic
planning, analysis or visualization systems. The traffic pat-
terns may be used for other applications. For example, the
traffic patterns may be used to determine toll locations to
alleviate congestion, road construction planning, city plan-
ning, such as workplace-residence separation patterns for
urbanization planning, as well as others.

In one implementation, the framework may continuously
collect vehicle trajectory data for analysis. The vehicle
trajectory data is collected from a sensor network. The data
is analyzed to determine ODs of the vehicles. In one
implementation, the data, for example, is analyzed offline to
determine ODs of the vehicles. Providing on-line or real
time analysis of vehicle trajectories may also be useful.

As will be discussed herein, vehicles, for example, may
refer to any type of vehicles (including buses, cars, trucks,
and vans). It should be appreciated that the framework
described herein may be implemented as a method, a com-
puter-controlled apparatus, a computer process, a computing
system, or as an article of manufacture such as a computer-
usable medium. These and various other features will be
apparent from the following description.

FIG. 1 shows a simplified diagram of an exemplary OD
environment 100. The environment 100, for example, facili-
tates OD analysis on collected trajectory data of vehicles
within a geographical area of interest. The geographical area
of interest, for example, may be a city or town. Other types
of geographical areas may also be useful. The OD analysis
facilitates, for example, traffic planning within the geo-
graphical area of interest. The OD analysis may also be used
for other purposes within the geographical area of interest.

As shown, the environment includes a data collection unit
120 and a trajectory analysis system 140. The data collection
unit includes a sensor network of sensor stations distributed
in a geographical area of interest for capturing vehicle
information. In one implementation, a sensor station
includes a fixed traffic sensor. Fixed traffic sensors may
include radio-frequency identification (RFID) sensors and
license plate recognition (LPR) sensors. Other types of fixed
traffic sensor may also be useful. A sensor station may
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include one or both type of sensors. For example, a sensor
station may include either a RFID sensor or a LPR sensor or
both types of sensors. Other configuration of sensor stations
may also be useful. It is understood that not all the sensor
stations need to be configured the same. In the case a station
includes both types of sensors, for example RFID and LPR
sensors, data from each sensor may be stored and processed
separately.

A RFID sensor captures information from vehicles

equipped with RFID transmitters when they pass the sensor. 10

For example, vehicle information is transmitted by the RFID
transmitter. When a vehicle passes a RFID sensor, it reads
the information transmitted. A LPR sensor, on the other
hand, detects a vehicle and captures the license plate of the
vehicle. For example, an LPR sensor may include a camera
which detects and captures an image of a vehicle passing it.
The image is processed using image recognition processor.
The image recognition processor recognizes and extracts the
license plate number from the image. The image recognition
processor may be integrated into the sensor network or part
of the sensor station for local processing. Other configura-
tions of LPR sensors may also be useful. For example, the
image recognition processor may be remote from the sensor
station for remote processing.

Data collected by the sensor network is provided to the
trajectory analysis system 140 for analysis. The data can be
provided for offline analysis. For example, the data collected
may be stored locally and subsequently downloaded to a
central storage for offline analysis. Alternatively, the data
may be provided for online analysis. For example, the
captured data may be streamed to the analysis system for
online analysis. Streaming may be achieved using, for
example, SAP ESP from SAP SE. Other types of streaming
systems may also be useful.

The data collected by the sensors includes vehicle trajec- 3

tory data. The vehicle trajectory data is structured spatial-
temporal data. For example, vehicle trajectory data includes
vehicle identifier or id (v,,), sensor id (x,;) and time stamp
(t). For example, vehicle trajectory data may be (v,,, X, t).
The vehicle id identifies the vehicle which is captured by the
sensor, sensor id indicates the sensor station at which the
vehicle was captured and time stamp indicates the time
when the vehicle was captured by the sensor. A table may be
provided with location information associated with the sen-
sor stations. In one implementation, location information is
two dimensional location information. The location (loc)
information includes longitude (lon) and latitude (lat) coor-
dinates of the sensor station. For example, location infor-
mation may be (lon, lat). Other types of location information
may also be useful. In some implementations, the sensor id
may be replaced with location information. For example, the
vehicle trajectory data may include (v,,, loc, t) or (v, , lon,
lat, t).

As an example, a vehicle having a license plate 77777
passes by sensor station 20 at 7:20:24.5 pm on Jun. 25, 2015.
An exemplary data generated by sensor station 20 is shown
in Table 1 below:

TABLE 1
Vehicle ID Sensor ID Time
77777 20 June 25, 2015 7:20:24.5 PM

Using a look up table, the location information can be
obtained. For example, during pre-processing of raw data,
location information may be retrieved from the look up

4

table. An exemplary pre-processed data that may be gener-
ated by sensor station 20 is shown in Table 2 below:

TABLE 2
Vehicle ID Longitude Latitude Time
77777 118.7851535 32.051317  Jume 25, 2015
7:20:24.5 PM

In some cases, the data generated by the sensor station
includes location information instead of sensor id, as shown
in Table 2. Providing various information from the sensor
stations in other formats or configurations may also be
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The analysis system may act as a server and operate in a
networked environment with user devices 108a-c and the
data collection unit 120. For example, the analysis system
may have a distributed architecture, such as client-server
architecture. Other types of architectures may also be useful.
A server may include one or more computers or servers. A
computer includes a memory and a processor. Various types
of computers may be employed for the server. For example,
the computer may be a mainframe, a workstation, as well as
other types of processing devices. The memory of a com-
puter may include any memory or database module. The
memory may be volatile or non-volatile types of non-
transitory computer-readable media, such as magnetic
media, optical media, random access memory (RAM), read-
only memory (ROM), removable media, or any other suit-
able local or remote memory component. The computers or
servers are connected through a communication network,
such as internet, intranet, LAN, WAN or a combination
thereof. The servers, for example, are part of the same
private network. The servers may be located in a single or
multiple locations.

As for auser device, it may be any local computing device
with, for example, a local memory and a processor. The
memory may be volatile or non-volatile types of non-
transitory computer-readable media, such as magnetic
media, optical media, random access memory (RAM), read-
only memory (ROM), removable media, or any other suit-
able local or remote memory component. Various types of
processing devices may serve as an end-user device. For
example, the end-user device may be a PC, a tablet PC, a
workstation, a network computer, or a mobile computing
device, such as a laptop, a tab or a smart phone. Other types
of processing devices may also be used.

The various components of the network may be connected
through a communication network 102. For example, com-
ponents of the network may be connected by an internet,
intranet, LAN, WAN or a combination thereof. Other type of
networks or network connections may also be useful. For
example, network connections may include a WIFI or a
3G/4G/LTE connection. In some cases, the network may be
a cloud.

A user may connect to the server using a user device. For
example, a user device may include a browser for connect-
ing to the analysis system. The user device may be referred
to as the client side while the analysis system may be
referred to as the server side. Other types of configurations
for the analysis system may also be useful.

The analysis system may include a data source. The data
source may be, for example, a database. In one implemen-
tation, the data source is a HANA database from SAP SE.
Other types of databases may also be useful. The database,
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for example, may be a database server. The data source
stores the vehicle trajectory data collected by the data
collection unit.

The analysis system 140 analyzes vehicle trajectory data
to determine OD patterns of vehicles in a geographical
location of interest. The analysis system may be an analysis
server. The analysis server and the database server, for
example, are separate servers. For example, the analysis
system may include a database server and an analysis server.
Providing the data source and analysis system on the same
server may also be useful. Other configurations of the
analysis system may also be useful.

Trajectories are analyzed and divided into individual OD
trips. As discussed, data may be continuously collected. The
data may be continuously collected over a long period of
time. The collected data may be segmented into sub-periods
or segments of time for analysis. The segments can be any
length of time. For example, the segment may be 12 hours,
24 hours, multiple days, weekly, or monthly. Other durations
for a segment to be analysed may also be useful. For
example, the segment may be less than 12 hours or longer
than a month. A vehicle’s trajectory within a segment may
include multiple trips. For example, from home to work,
work to lunch, lunch to work and work to home. The
analysis determines multiple ODs from the vehicle trajec-
tory data. This enables efficient and accurate determination
of traffic patterns, facilitating traffic planning, analysis or
visualization systems. The traffic patterns may be used for
other applications.

FIG. 2 shows a simplified embodiment of a sensor net-
work 210. The sensor network includes a plurality of sensor
stations 231,-231,, distributed in the geographical area of
interest. For example, N number sensor stations are distrib-
uted in the geographical area of interest. The geographical
area of interest may be a city or a town. Other types of
geographical area of interest may also be useful. For
example, the geographical area may be of any size or type
of area in which traffic pattern or density is of interest. In one
implementation, sensor stations include fixed traffic sensors
for capturing vehicle information. In one implementation,
the sensors include RFID, LPR or a combination of both
types of sensors. For example, a sensor station may be an
RFID sensor station, a LPR sensor station or an RFID/LPR
sensor station. Other types of fixed traffic sensors may also
be useful.

As shown, the sensor stations are in a grid arrangement
for illustration purposes only. It is understood that the sensor
stations are located proximate to streets within the geo-
graphical area of interest to capture vehicle spatial-temporal
information. By streets, it includes any thoroughfare which
a vehicle may access. For example, streets may include
roads, avenues as well as highways. Other types of thor-
oughfare accessible by vehicles are also included. As such,
the sensor stations may have a pattern which is based on the
streets and need not be equal distance form adjacent sensor
stations. For example, a distance between sensor stations
may range from 3-20 kilometers (km). Providing other
distances between sensor stations may also be useful. The
closer the stations, the higher the granularity of the data, but
this will produce more data to analyse.

Information captured by the sensor stations, as discussed,
includes spatial-temporal information or data. A sensor
station has an associated sensor id. Through the sensor id,
the spatial information of a captured vehicle is known. When
a vehicle is captured by a sensor station, the sensor station
generates spatial-temporal data of the captured vehicle. For
example, the data includes sensor id, which indicates loca-
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tion, vehicle id, which indicates the vehicle, and time, which
indicates when the vehicle was captured. Data generated by
the sensor network include trajectory data of all vehicles
travelling within the geographical area of interest.

The trajectory data provides an ordered sequence of
spatial and temporal sampling points along a vehicle’s
trajectory. For example, a vehicle trajectory will be an
ordered sequence of points from {(x;,t,), - . ., (X; t,), Kpu1s
ta)s - - - 5 (Xns 1)}, Where x, is the spatial location provided
by, for example, sensor id at time t; for any i=1 (first entry
of the trajectory) to N (last entry of the trajectory). As
discussed, v, is also included in trajectory data. The trajec-
tory data may serve as historical data for analysis. For
example, trajectory data may be segmented into daily data,
weekly data or monthly data. Segmenting the data into other
granularities may also be useful.

FIG. 3 shows a block diagram of a trajectory analysis
system 140. The system may include a data storage module
315, a pre-processor module 325, and a processor module
345. The data storage module stores data from the vehicle
sensor network. For example, the data storage module stores
raw vehicle trajectory data from the sensor network with
fixed sensor stations. The raw data, for example, includes
vehicle spatial-temporal data captured by the sensor net-
work. An entry, for example, includes (v, X, t). Providing
entries in other formats, such as (v, lon, lat, t) may also be
useful.

The pre-processor module pre-processes the data stored in
the data storage module. In one implementation, the pre-
processor module includes a vehicle pre-processing unit 332
which processes the data by vehicles. For example, the data
may be sorted based on vehicles. This, for example, pro-
duces vehicle trajectory data, vehicle by vehicle.

FIG. 4 shows an exemplary pre-processed data 400 from
the vehicle pre-processing unit. The pre-processed data may
be compiled in a data table. The table, for example, includes
columns for vehicle id 437, time stamp 447 and location
information 457. In one implementation, location informa-
tion includes longitude 463 and latitude 466 coordinates. For
example, location information includes two columns, one
for longitude and one for latitude. Other formations for
location information may also be useful. In addition, the
column may further include a sequence column 427, indi-
cating the sequence of the data. For example, 1 indicates the
first data in the sequence of the trajectory (e.g., i=1) and 2
is the second data in the sequence of the trajectory (i=2).
Other table formats may also be included. Illustratively, the
table shows trajectory data of a vehicle for one day. Other
durations or granularities may also be useful.

Referring back to FIG. 3, the pre-processor module
includes a pre-processing station unit 336 which sorts and
aggregate the data based on sensor station to sensor station.
For example, the data may be arranged based on transition
from one station to another. This produces groupings of all
vehicles between station pairs.

As for the processor module 345, it processes the pre-
processed data to produce ODs of vehicles. In one imple-
mentation, the processor module 345 includes an interme-
diate step predictor (ISP) unit 352. The ISP module analyzes
the pre-processed data to determine a probability of a
number of intermediate steps k between a recorded sensor
station pair. For example, a vehicle traveling from station i
to station i+1 is estimated to have a probability of traveling
via a given number of k intermediate steps. For example, if
k=1, the vehicle travelled between a pair of stations in 1 step.
On the other hand, if k=2, the vehicle transitioned from
station i to station i+1 in two steps. This indicates that an
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intermediate station was dropped out (failed to capture the
vehicle). For example, one intermediate station was dropped
out. For higher k values, the number of dropped out inter-
mediate stations is k—1. The probability may be determined
from equation 1 (Eq 1) as follows:

5 e b

PSS =k) = i

where I(*) is the indicator function, N’ is the number of
vehicles traveling from 1 to i+1 within a given time interval
and n, is the number of intermediate stations for vehicle v
in the dataset stored in the storage module.

Equation 1 counts the number of vehicles traveling
between any two sensor stations for a given number of steps
k. For example, k can be from 1 to K, where K is the
maximum number of steps traveling between the sensor
station pair. A user may select the value of K to limit the
maximum number of steps which may be possible between
a station pair. Given the fact that the vehicle traveling from
ito i+1 is observed in just one step, the probability of the
actual number of intermediate steps k may be estimated by
equation 2 (Eq 2) is as follows:

N1 - P = k) (Eq 2)

TR KO - 0P = k)

P(S' =k | Shp = 1)=

When K, the maximum number of steps between two
stations is too large, the probability becomes negligibly
small. As such, K may be set at a value which covers
reasonable number of possible steps while producing a
desired range of probabilities. For example, K may be set at
about 10. Setting K at other numbers may also be useful. As
for the parameter 0, it is an estimated average dropout rate
of'a sensor station. For example, there is a possibility that a
sensor station may fail to record a passing vehicle. The
parameter 6 may be set at 10% or 0.1. For example, 10% of
the time, a sensor may fail to record a passing vehicle. Other
0 values may also be useful.

The processor module includes a time travel predictor
(TTP) unit 354. The TTP module analyses the pre-processed
data to estimate, for a given number of k steps (sensor station
dropped-out by chance), the probability for a trip with travel
time more extreme or slower than At,, where At, is the travel
time between the station pair, 1 and i+1 of the vehicle of
interest. This probability is determined by the following
equation (Eq 3):

ZN; 100, = k) - 1AL = An) (Ea 3)

N Ini = k)

PAT = A | k) =

where At is the travel time from i to i+1 of vehicle v. This
step involves counting the number of vehicles traveling
more extreme than At, given the fact that they all travel over
k intermediate steps. The TTP unit calculates the probability
distribution of travel time from station X, to station x,,, over
a number of (dropped-out) intermediate stations. The pro-
cessor module includes a stop determination (SD) unit 356.
The SD unit determines the stop probability between a
station pair. In one implementation, the stop probability
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between a station pair is determined based on Eq 1, Eq 2 and
Eq 3 using the following equation 4 (Eq 4):

) ) ) (Eq 4)
PAT = A5 | S, =1)= > PAT=A;|k)-PS =k| S,

K
s =1)
P}

In one implementation, the SD unit analyzes vehicle
trajectories to determine ODs in the trajectories. For
example, the SD unit performs OD analysis on vehicle
trajectories, determining vehicle trips within the trajectories.
The SD unit analyses each vehicle trajectory to determine
separate trips within the trajectory. In one implementation, a
probability less than 0.05 is used as a threshold (stop
probability threshold or Pg;) to decide whether there is a
“stop” (or “abnormal”) in the trajectory between station i to
station i+1. For example, if the trajectory from station i and
station i+1 is considered separated (i.e., a stop exist), the
node corresponding to station i is identified as the destina-
tion (D) of the previous trip in the trajectory, and the node
corresponding to station i+1 is identified as the origin of the
next trip. Using other stop probability thresholds may also
be useful. The vehicle trajectories may be analysed on a
daily basis. Analysing the trajectory using other durations or
granularities may also be useful.

As discussed, a stop is determine if the probability
exceeds the P stop probability threshold. The number of
stops may be directly related to Pg,. For example, a higher
Py, may increase the number of station pairs to be deter-
mined as stops. This may result in increased number of
incorrectly identified stops along a trajectory. On the other
hand, a lower Py, may lower the number of station pairs to
be determined as stops. This may result in a failure to
recognize stops along the trajectory. The value of Py, may be
selected empirically or estimated using a set trajectory data
with known true stops. Other techniques for determining Py,
may also be useful.

In one implementation, the analysis system may include
a result storage module 365. The result storage module, for
example, stores the results of the SD unit. In one imple-
mentation, the result storage module stores OD analysis
from the SD unit.

FIG. 5 shows an exemplary result of OD analysis 500.
The result, for example may be stored in the result storage
module. Storing the results in other locations may also be
useful. The results may be presented in an end-user device.
In one implementation, the OD analysis includes a location
transition column 529, stop probability column 539 and a
stopped column 549. Based on the analysis, the stop prob-
ability can be determined using equation 4. Depending on
whether the probability exceeds the threshold (P,) or not,
the transition from one station to another is determined to be
a stopped or not. In one implementation, the transition is a
stop if the probability is less than 0.05. Other thresholds may
also be useful.

FIG. 6 illustrates the results of the OD analysis of FIG. 5
on a map 600 of the geographical area of interest. Based on
the results, the vehicles trajectory within the day is separated
into four separate trips. For example, trip 1 corresponds to
the data points 1-2 (O, and D,) of the sequence, trip 2
corresponds to data points 2-6 (O, and D,) of the sequence,
trip 3 corresponds to data points 6-9 (O; and Dj) of the
sequence and trip 4 corresponds to data points 9 and 10 (O,
and D,).
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As described, the various modules of the analysis system
may be embodied as an application. For example, the
various modules may be embodied as a software application.
The modules may be integrated into an existing software
application, as an add-on or plug-in to an existing applica-
tion, or as a separate stand-alone application. The source
code of the application may be compiled to create an
executable code. The codes, for example, may be stored in
a storage medium, such as one or more storage disks. Other
types of storage media may also be useful.

Although the one or more above-described implementa-
tions have been described in language specific to structural
features and/or methodological steps, it is to be understood
that other implementations may be practiced without the
specific features or steps described. Rather, the specific
features and steps are disclosed as preferred forms of one or
more implementations.

What is claimed is:
1. A computer-implemented method for origin-destination
(OD) analysis of vehicle trajectory data, comprising:
providing a vehicle trajectory data set to an OD analyzer,
the vehicle trajectory data set includes vehicle trajec-
tory data collected from a sensor network having a
plurality of sensor stations for detecting vehicles, the
sensor stations of the sensor network are distributed in
a geographical area of interest, wherein the vehicle
trajectory data include trajectories of vehicles captured
by the sensor network;
analyzing the vehicle trajectory data set by the OD
analyzer to determine an origin and a destination of
trips for trajectories of the vehicles in the vehicle
trajectory data set, wherein the OD analysis comprises,
calculating a probability distribution of travel time
between sensor station pairs of the sensor network
over a number of (dropped-out) intermediate sta-
tions, and

determining a stop probability between a station pair in
the trajectories of the vehicles, wherein a stop is a
destination of a previous trip and an origin of a next
trip in the trajectories; and

wherein the OD analysis performed by the OD analyzer
determines traffic patterns in the geographical area of
interest which facilitates traffic planning in the geo-
graphical area of interest.

2. The computer-implemented method of claim 1 wherein

a sensor station comprises a fixed traffic sensor.

3. The computer-implemented method of claim 2 wherein
the fixed traffic sensor comprises a radio-frequency identi-
fication (RFID) sensor, a license plate recognition (LPR)
sensor or both.

4. The computer-implemented method of claim 1 wherein
a data record of the trajectory data in the data set comprises
structured data including:

a vehicle id, the vehicle id is a unique identifier for

identifying a vehicle;

a sensor id, the sensor id is a unique identifier for a sensor
station in the sensor network, wherein the sensor id is
used to determine location information using a look up
table, wherein the location information includes longi-
tude and latitude coordinates of the sensor station; and

a time stamp, the time stamp indicates when the vehicle
identified by the vehicle id is captured by the sensor
station identified by the sensor id.

5. The computer-implemented method of claim 1 wherein

a data record in the trajectory data set comprises structured
data including:
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a vehicle id, the vehicle id is a unique identifier for

identifying a vehicle;

location information, wherein the location information

includes longitude and latitude coordinates of a sensor
station which captures the vehicle identified by the
vehicle id; and

a time stamp, the time stamp indicates when the vehicle

is captured by the sensor station.

6. The computer-implemented method of claim 1 wherein
the OD analyzer comprises a pre-processor module, the
pre-processor module sorts and aggregates the vehicle tra-
jectory data based on:

a vehicle id; and
station pairs traveled by vehicles in the trajectory data.

7. The computer-implemented method of claim 6 wherein
the OD analyzer comprises a processor module, the proces-
sor module analyzes pre-processed data from the pre-pro-
cessor module.

8. The computer-implemented method of claim 7 wherein
the processor module performs:

calculating the probability distribution of travel time
between the sensor station pairs of the sensor network
over a number of (dropped-out) intermediate stations;
and

determining the stop probability between the station pair
in the trajectories of the vehicles, wherein the stop is
the destination of the previous trip and the origin of the
next trip in the trajectories.

9. The computer-implemented method of claim 8 wherein
calculating the probability distribution of travel time
between the sensor station pairs of the sensor network over
a number of (dropped-out) intermediate stations comprises:

determining, by an intermediate step predictor (ISP) unit,
a probability of an actual number of intermediate steps
k between the sensor station pairs; and

determining, by a time travel predictor (TTP) unit, for a
given number of k steps with dropped-out intermediate
sensor stations, a probability that a trip between the
sensor station pairs with a travel time more extreme
than At, where At is the travel time between the station
pairs of a vehicle.

10. The computer-implemented method of claim 9
wherein determining the probability of the actual number of
intermediate steps k between the sensor station pairs com-
prises:

determining a probability of a number of k intermediate
steps using FEq 1

ZC’Z‘I I(ﬂi =k (Eq 1)

PS =k = S

determining the probability of the actual number of inter-
mediate steps k using Eq 2

kY1 —0PS = k) (Eq 2)

PSS =k| S, =1)= ;
( | Sops = 1) SE (- 6Pe =1

and

determining the probability that trip between the sensor
station pairs exceeds the travel time At using Eq 3
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P . Eq 3
ZNﬂ 10 =k) - I(A = Ary) (Ea 3)

M1 = k)

PAT = Ar; | k) =

11. The computer-implemented method of claim 10
wherein determining the stop probability between the station
pair comprises using Eq 4

) LS ) ) (Eq 4)
PAT = Ag; | S, =1) = Z PAT = Ag; | k)-P(S' = k| S, = 1).
k=1

12. The computer-implemented method of claim 11
wherein a stop between the station pair is determined when
the stop probability is less than a probability stop threshold
Ps)-
13. The computer-implemented method of claim 8
wherein determining the stop probability between the station
pair comprises determining by a stop determination (SD)
unit.
14. An origin-destination (OD) analysis system compris-
ing:
a data storage module for storing a vehicle trajectory data
set, the vehicle trajectory data set includes vehicle
trajectory data collected from a sensor network having
a plurality of sensor stations for detecting vehicles, the
sensor stations of the sensor network are distributed in
a geographical area of interest, wherein the vehicle
trajectory data include trajectories of vehicles captured
by the sensor network;
a pre-processor module, wherein the pre-processor mod-
ule processes the vehicle trajectory data set by sorting
and aggregating the vehicle trajectory data;
a processor module, the processor module performs an
OD analysis on the processed trajectory data from the
pre-processor module to
calculate a probability distribution of travel time
between sensor station pairs of the sensor network
over a number of (dropped-out) intermediate sta-
tions, and

determine a stop probability between a station pair in
the trajectories of a vehicle, wherein a stop is a
destination of a previous trip and an origin of a next
trip in the trajectories; and

wherein the OD analysis determines traffic patterns in the
geographical area of interest which facilitates traffic
planning in the geographical area of interest.

15. The OD analysis system of claim 14 wherein a sensor

station comprises a fixed traffic sensor.

16. The OD analysis system of claim 14 wherein a data
record of the vehicle trajectory data in the data set com-
prises:

a vehicle id, the vehicle id is a unique identifier for

identifying a vehicle;

a sensor id, the sensor id is a unique identifier for a sensor
station in the sensor network, wherein the sensor id is
used to determine location information using a look up

5

10

20

30

35

40

45

50

12

table, wherein the location information includes longi-
tude and latitude coordinates of the sensor station; and

a time stamp, the time stamp indicates when the vehicle

identified by the vehicle id is captured by the sensor
station identified by the sensor id.

17. The OD analysis system of claim 14 wherein the
pre-processor module sorts and aggregates the vehicle tra-
jectory data based on:

a vehicle id; and

station pairs traveled by vehicles in the trajectory data.

18. The OD analysis system of claim 17 wherein:

the processor module comprises

an intermediate step predictor (ISP) unit for determin-
ing a probability of an actual number of intermediate
steps k between the sensor station pairs, and

a time travel predictor (TTP) unit for determining, for
a given number of k steps with dropped-out inter-
mediate sensor stations, a probability that a trip
between the sensor station pairs with a travel time
more extreme than At, where At is the travel time
between the station pairs of a vehicle; and

the ISP and TTP units calculate the probability distribu-

tion of the travel time between the sensor station pairs
of the sensor network over the number of (dropped-out)
intermediate stations.

19. The OD analysis system of claim 18 wherein the
processor module comprises a stop determination (SD) unit
for determining the stop probability between the station pair.

20. A non-transitory computer-readable medium having
stored thereon program code, the program code executable
by a computer for performing origin-destination (OD) analy-
sis of vehicle trajectory data comprising:

pre-processing a vehicle trajectory data set by a pre-

processor module of an OD analyzer, the vehicle tra-
jectory data set includes vehicle trajectory data col-
lected from a sensor network having a plurality of
sensor stations for detecting vehicles, the sensor sta-
tions of the sensor network are distributed in a geo-
graphical area of interest, wherein the vehicle trajectory
data include trajectories of vehicles captured by the
sensor network;

analyzing the vehicle trajectory data set by a processor

module of the OD analyzer to determine an origin and

a destination of trips for the trajectories of the vehicles

in the vehicle trajectory data set, wherein analyzing

comprises,

calculating a probability distribution of travel time
between sensor station pairs of the sensor network
over a number of (dropped-out) intermediate sta-
tions, and

determining a stop probability between a station pair in
the trajectories of the vehicles, wherein a stop is a
destination of a previous trip and an origin of a next
trip in the trajectories; and

wherein analyzing the vehicle trajectory data determines

traffic patterns in the geographical area of interest
which facilitates traffic planning in the geographical
area of interest.



